Technology-mediated learning (TML) is a major trend in education, since it allows to integrate the strengths of traditional-and IT-based learning activities. However, TML providers still struggle in identifying areas for improvement in their TML offerings. One reason for their struggles is inconsistencies in the literature regarding drivers of TML performance. Prior research suggests that these inconsistencies in TML literature might stem from neglecting the importance of considering the process perspective in addition to the input and outcome perspectives. This gap needs to be addressed to better understand the different drivers of the performance of TML scenarios. Filling this gap would further support TML providers with more precise guidance on how to (re-)design their offerings toward their customers' needs. To achieve our goal, we combine qualitative and quantitative methods to develop and evaluate a holistic model for assessing TML performance. In particular, we consolidate the body of literature, followed by a focus group workshop and a Q-sorting exercise with TML practitioners, and an empirical pre-study to develop and initially test our research model. Afterward, we collect data from 161 participants of TML vocational software trainings and evaluate our holistic model for assessing TML performance. The results provide empirical evidence for the importance of the TML process quality dimension as suggested in prior literature and highlighted by our TML practitioners. Our main theoretical as well as practical contribution is a holistic model that provides comprehensive insights into which constructs and facets shape the performance of TML in vocational software trainings.
The online version of this article is available Open Access Introduction I n 2010, more than 70% of all German companies invested in vocational training and 94% of all major companies (more than 1000 employees) invested in according learning services, but also the need to constantly train employees in order to remain competitive and avoid the loss of knowledge (Vollmar, 2013) . In this context, technology has a major influence on all learning scenarios (Gupta and Bostrom, 2009) , therefore indicating that technology-mediated learning (TML) is a major trend in education. TML offers the opportunity to integrate the strengths of synchronous (face-to-face) and asynchronous (ITbased) learning activities (Garrison and Kanuka, 2004) . Thus, the importance of TML is about to further increase, since it empowers the design of innovative, more individual, and resource-preserving ways of learning, for example, micro-learning at the workplace or location-independent, cloud-based learning.
Despite their many advantages, such as improved economic feasibility (Wegener et al., 2012) or improved student achievements (Alonso et al., 2011; Ló pez-Pérez et al., 2011) , TML poses several fundamental challenges related to their variability, i.e., research struggles to fully understand the effects of synchronous and asynchronous learning elements on TML outcomes due to the complexity of TML. Among others, Bitzer and Janson (2014) identified a broad range of indicators with inconsistent effects in their extensive literature review, in addition to similar results in prior literature reviews on TML (Gupta and Bostrom, 2009; Gupta et al., 2010) . This is especially challenging for providers of respective vocational trainings using TML for their offerings, since they lack reliable approaches to evaluate the performance of their offerings and to derive respective improvements. Gupta and Bostrom (2009) highlight that one probable reason for these inconsistencies is the fact that many studies use input-outcome research designs that ignore critical aspects of the learning process. This criticism especially refers to research designs that merely consider the impact of learning methods on learning outcomes without considering psychological processes and factors of the learning process dimension (Alavi and Leidner, 2001a) . Therefore, a holistic evaluation of TML performance is essential, taking into account not only selected elements and their effects on the TML outcomes, but also the learning process in TML, that is, the learning process of a learner that participates in TML scenarios (Hattie and Yates, 2014) . Consequently, there is a research gap in terms of a comprehensive explanation of causal relationships within TML scenarios to ensure a correct performance evaluation, allowing to derive general, transferable advice for the design of TML scenarios (Alavi and Leidner, 2001b) .
Hence, the aim of our study is to develop a comprehensive approach for investigating the performance of TML, especially considering the effects of input-, process-, and outcome-related constructs. In particular, we aim to answer the following research questions:
1. Which constructs and facets should be included in a comprehensive model for evaluating the performance of TML? 2. What impacts do constructs related to TML inputs and the TML process have on each other and on constructs resembling TML outcomes?
Our synthesis of the existing literature combined with the expertise of 12 experts from providers of vocational software trainings resulted in two input-, one process-, and two outcome-related constructs that should be included in a holistic evaluation approach concerning TML performance. The main contribution of our study is the development and evaluation of a holistic model for assessing the performance of TML that accounts for the fact that input-, process-, and outcome-related constructs should be considered. In addition, we take a deeper look into the most important facets shaping the input-and process-related constructs by conducting a rigorous scale development process with experts working for vocational training providers. Furthermore, we examine the interplay of the different constructs of the model, allowing deeper insight into the structural relationships relevant in the context of evaluating the performance of TML. Following the terminology of Gregor (2006) , we provide a theory of explanation and prediction for TML performance that explicitly considers input-, process-, and outcome-related constructs, as well as the facets shaping them.
To achieve our desired research objective, the remainder of this paper is structured as follows: First, we present related work regarding research on TML. Based on these foundations, we develop our research model and derive our hypotheses. After explaining our research method, which encompasses a literature review, a focus group workshop, a Q-sort application, and the partial least squares (PLS) approach applied in our pre-and main study, we present our results and discuss their implications for theory and practice. The paper closes with the limitations of our study and areas for future research.
Theoretical background
Technology-mediated learning As already mentioned in the introduction, technology-mediated learning (TML) offers variable learning scenarios for training purposes. In a comprehensive sense, TML describes ''environments in which the learner's interactions with learning materials (readings, assignments, exercises, etc.) , peers, and/or instructors are mediated through advanced information technologies'' (Alavi and Leidner, 2001a: 2) . In consequence, research often uses the term e-learning as a synonym (Gupta and Bostrom, 2013 ). However, it should be noted that TML has many variations in practice and often constitutes a combination of different learning modes and methods and can therefore be considered a blended learning service. Such a blended approach could be designed with the following elements according to Gupta and Bostrom (2009) 
• Web-or computer-based approaches, • Asynchronous or synchronous, • Led by an instructor or self-paced, • Individual-or team-based learning modes.
This variety of possible combinations poses many challenges to TML research. In consequence, empirical TML research has found mixed results concerning the impact of TML that are related to the individual as well as the team level (Gupta and Bostrom, 2009) . One possible explanation is the focus of TML studies on input-outcome research designs that consider the above-listed elements of TML but neglect, among other things, the learning process (Alavi and Leidner, 2001a; Hannafin et al., 2004) . This is highlighted by our review of TML research regarding insights into the specific TML dimensions and their according findings (see Table 1 , based on the findings of Bitzer and Janson, 2014) .
Considering previous studies, seminal research regarding TML has focused on the effects of the structural potentials of ITsupported collaborative learning, especially with the deployment of group support systems for the purpose of learning (Alavi, 1994; Alavi et al., 1995 Alavi et al., , 1997 . In the early 2000s, research shifted to a more learning process-centered view (Alavi et al., 2002; Alavi and Leidner, 2001a) that is supported by recent empirical research regarding the influence of the learning process on learning outcomes (e.g., Gupta and Bostrom, 2013) . However, until today, research has not considered an integrative TML assessment to evaluate TML quality from a holistic perspective, including input-, process-, and outcome-related constructs. Such an approach is necessary for numerous reasons. First, the learning process is the core construct that acts as a mediator of TML input dimensions and therefore influences the outcomes of TML. Second, without such a comprehensive assessment of the TML performance, neglecting, for instance, the learning process quality might lead to inconclusive results (Gupta and Bostrom, 2009) . Third, previous studies are limited to a certain technology or learning method and their effects on training outcomes, which prevents to acquire insights transferable to other TML scenarios. In sum, a comprehensive TML assessment has to be applicable for a wide range of blended learning services to achieve comparable TML performance assessments that are not limited to a particular context. To achieve such a comprehensive TML assessment, it is necessary to be aware of the different facets of the different constructs, which we will identify in the following section.
Identification of facets of core constructs in the context of TML 1
In addition to the theoretical background of TML, a deeper view into the facets of the specific TML core constructs is needed to understand which facets form constructs and to ensure a proper measurement of the constructs essential for our study. In the field of TML, a varying amount of research has been conducted concerning the various dimensions. Predisposition quality has been intensively examined, and learner characteristics such as (meta-) cognition (Pintrich and De Groot, 1990) , motivation (Cole et al., 2004; Colquitt et al., 2000; Pintrich and De Groot, 1990) , self-efficacy/ learning management (Colquitt et al., 2000; Tannenbaum et al., 1991) , and technology readiness (van der Rhee et al., 2007) were shown to play an important role for the TML process and outcome (Gupta et al., 2010) .
Regarding the structural quality of TML, various aspects have been used to describe the structural potential for the provision of TML. The IT system quality of the training software and the applied e-learning tools determine the perceived process quality and the corresponding outcome quality (DeLone and McLean, 2003; Lin, 2007; Petter et al., 2008) . Further, the information quality and the quality of the learning materials, respectively, determine the outcome quality (Petter et al., 2008; Ozkan and Koseler, 2009; DeLone and McLean, 1992; Rasch and Schnotz, 2009 ). The trainer characteristics can be divided into the following aspects. First, the didactical competence of the trainer can be considered an important determinant for TML success (Arbaugh, 2001; Armstrong et al., 2004; Kim et al., 2011) . The professional competence also influences TML (Jacobs et al., 2011; Ozkan and Koseler, 2009; Schank, 2005) . Further, social skills such as attitude toward the students (Choi et al., 2007) play a decisive role in TML scenarios. Finally, the learning environment, that is, the classroom or the virtual learning environment, should be considered for a comprehensive TML evaluation.
Also regarding TML outcomes, a plethora of different research insights can be found. Kirkpatrick and Kirkpatrick (2005) suggest the use of four learning dimensions when considering the systematic evaluation of vocational training and education: Reaction describes the emotional reaction to the course, learning refers to the learning success, application of knowledge relates to the actual usage of acquired knowledge in the real world, and company success describes effects within the company caused by the knowledge of the course participant. The most common measure for reaction is satisfaction, one of the frequent measures used in the evaluation of TML, also considered as an affective learning outcome measure (Alonso et al., 2011; Arbaugh, 2001; Johnson et al., 2009; Gupta et al., 2010) . Another frequent measure that is examined is learning success, often referred to as course performance (Arbaugh, 2001; Benbunan-Fich and Arbaugh, 2006; Hiltz et al., 2000; Santhanam et al., 2008) . This measure can, on the one hand, be considered as a subjective measure of perceived learning success in accordance with Alavi (1994) , which is a meta-cognitive measure of learning outcomes. On the other hand, when considering objective measures, learning success General attitudes toward TML (Arbaugh, 2001) , computer experience (Arbaugh, 2013) , self-efficacy (Lim et al., 2007; Eom, 2015; Eom et al., 2006) , learning styles (Ozkan and Koseler, 2009) , and learning motivation (Klein et al., 2006) influence learning outcomes positively How do individual differences that determine predisposition quality influence the relationship between provided structural potentials, the learning process, and learning outcomes?
Structural Quality
System (Alavi et al., 2002; Lin, 2007) and information quality (Eom, 2011) as well as trainer characteristics (Sun et al., 2008) influence learning outcomes positively
How does structural quality influence the learning process and how does this relate to learning outcomes?
TML Process Quality
Process determinants, interaction (Siau et al., 2006; Arbaugh, 2000) , and support (Ozkan and Koseler, 2009 ) influence TML outcomes positively
What are determinants of the TML process and how does TML process quality relate to TML outcomes and its structural antecedents? Outcome Quality TML outcomes are significantly influenced by structural and process quality (Gupta and Bostrom, 2013) How do structural potentials and TML process quality influence the quality of TML outcomes?
Process is king M Söllner et al can be considered as cognitive knowledge acquisition related, for instance, to declarative or procedural knowledge. Several authors include the application of knowledge (Hansen, 2008; Sousa et al., 2010) as a skill-based outcome referring to a behavioral change, for example, if an individual exhibits a better (delayed) task performance (Yi and Davis, 2003) . However, only a few consider business effects of training (Aragon-Sanchez et al., 2003; Reber and Wallin, 1984) .
However, regarding TML process quality, only few insights can be found in prior research. While we could draw on existing and established measures in educational literature, for example related to approaches how someone learns (see, e.g., Biggs, 1993) , such measures are with limited relevance for our facet identification, since they are not giving systematic advice how to actually improve the perceived quality of the TML process. Rather, measurement approaches from educational literature are focusing on the individual and their cognitive and motivational processes. This is indeed very important to describe how individuals differ in learning, how tasks are handled and even how teaching contexts differ (Biggs et al., 2001) , but neglects how teaching contexts, for example, in TML should be designed to deliver a high quality. Concerning TML research in specific, interactivity is the most profoundly studied process-specific component that has been the focus of research . Interaction and interactivity, including interaction among learners, learner-lecturer interaction, and learner-IT interaction (Brower, 2003; Cole et al., 2004; Evans and Gibbons, 2007; Lehmann et al., 2016; Sims, 2003; Smith and Woody, 2000; Thurmond and Wambach, 2004; Moore, 1989) , have been widely examined and can be considered an important facet of TML success. In addition, just recently, the appropriation of training methods has been examined, providing insights into the facets of this construct, such as technology mediation or collaboration (Gupta and Bostrom, 2013) .
To summarize, whereas many insights into the facets of four of our five constructs can be found in the literature, perceived TML process quality has received only little attention until now. Transfer efficiency, namely a faster and efficient way of working, and effects on retention seem to be especially highly relevant for measuring the productivity of TML. User satisfaction, even with the use of IT systems and system usability, is a pivotal factor for the success of IS (Wang et al., 2007) , but is rare in recent, relevant literature and not substantial enough in the context of perceived TML process quality. As a result, before being able to reliably and validly evaluate our hypotheses, which are derived in the following section, we decided to conduct a scale development process, as described below, to (a) consolidate the insights found in the literature, and (b) create further insights, particularly into the facets of perceived TML process quality, using TML experts. This procedure helps us to ensure the proper measurement of our constructs and thus increases the reliability and validity of our results. Further details can be found in the research method section after the development of our hypotheses.
Hypotheses development
For our overall research model, we will derive according to the hypotheses in this section. The hypotheses of the model are on a construct level, concentrating on the identified constructs and their interplay in a holistic TML evaluation model.
Following the foundations laid in the previous section, the individual differences of learners influence the TML process through complex interaction of the learner with the learning methods and structures (Gupta et al., 2010) . For example, attitudes toward technology (van der Rhee et al., 2007) or their ability to organize their learning activities (Colquitt et al., 2000) are supposed to have an impact on the TML process, since a higher predisposition quality ensures that learners are more content in their TML processes. Furthermore, predisposition quality affects how learners in TML pay attention to learning methods and structures, and how they process these in terms of effectiveness (Pintrich and De Groot, 1990; Deci and Ryan, 2000) . For example, a high predisposition quality enables the participants to persist at a difficult task, to fade out distractors, and thus likely has a positive impact on the perceived quality of the TML process, since the participants can focus on and follow the intended TML process more effectively. Therefore, our first hypothesis is:
H1 Predisposition quality has a positive impact on the perceived quality of the TML process.
Furthermore, the perceived structural quality provided by the TML provider determines the perceived quality of the TML process. We refer to the effect of the quality of provided structures when designed in accordance with the learning process and induced by the overall epistemological perspective of TML (Gupta and Bostrom, 2009 ). An example is the case of TML that is designed in accordance with a cooperative learning model (Leidner and Jarvenpaa, 1995) that should therefore engage collaborative learning processes among learners. Consequently, high-quality collaborative learning structures for TML ensure successful collaborative learning processes. As a result, structural quality is supposed to positively influence the TML process. Furthermore, insights from cognitive load theory suggest that people can only process a certain amount of information at a time (Sweller and Chandler, 1991) . If a TML provider is able to provide structures that are of high quality in terms of inducing lower cognitive load, the participants will be less distracted and can thus focus on the content and the learning process. At the same time, if the structures provided are of poor quality, participants might, for example, wonder what they are currently about to do or which learning goal they are supposed to reach. Thus, they are distracted from acquiring knowledge, since the limited cognitive resources are used by individual learners to comprehend the design of the learning material and not the learning content itself. This distraction will then likely to result in a lower TML process quality. This leads to our second hypothesis:
H2 Perceived structural quality has a positive impact on the perceived quality of the TML process.
Prior literature has shown that the cognitive aspects of learners' activities influence TML outcomes directly through the formation of mental models (Gupta et al., 2010) . When considering predisposition factors such as attitudes toward IT, learners with a more positive attitude might not be afraid of using IT in TML, which will result in higher levels of satisfaction and perceived learning success (Piccoli et al., 2001; Sun et al., 2008) . Moreover, factors such as cognition and motivation are known for their positive influence on Process is king M Söllner et al learning success (Pintrich and De Groot, 1990) . In the same vein as hypothesized in H1, learners with, for example, high motivational levels (Linnenbrink and Pintrich, 2002; Deci and Ryan, 2000) and therefore a high predisposition quality are likely to exhibit a more goal-directed behavior as well as a more effective cognitive processing when participating in TML, thus resulting in higher satisfaction and perceived learning success. Therefore, our next two hypotheses constitute:
H3 Predisposition quality has a positive impact on the perceived learning success of the TML participants.
H4 Predisposition quality has a positive impact on the satisfaction of the TML participants.
Besides its already hypothesized positive impact on the TML process, perceived structural quality is also supposed to directly influence the TML outcomes, that is, learning success and satisfaction (Kirkpatrick and Kirkpatrick, 2005) . When the provided structural components support the underlying epistemological perspective and are of high quality, learning outcomes are influenced positively (Gupta and Bostrom, 2009 ). This is, for example, highlighted by the study by Gupta and Bostrom (2013) , who investigated how higher levels of enactive and vicarious learning relate to the satisfaction and success of learning. Related to our context, high perceived structural quality provided by the TML provider should have a positive impact on the TML outcomes. For example, wellstructured learning materials will support the participants in focusing on understanding the relevant content of the training, thus fostering the participants perceived learning success and satisfaction with the training. Low perceived structural quality, e.g., a demotivated trainer or unstructured learning materials, will hinder the participants in focusing their attention on the content of the training, and thus limiting their perceived learning success as well as their satisfaction with the training. As a result, we can derive two further hypotheses.
H5 Perceived structural quality has a positive impact on the perceived learning success of the TML participants.
H6 Perceived structural quality has a positive impact on the satisfaction of the TML participants.
Regarding the relationship between perceived TML process quality and TML outcomes, the adaptation of the prepared structural elements, for example, learning materials and the training concept, by the learner during the learning process needs to be considered (Gupta and Bostrom, 2009 ). Therefore, recent research has started to consider the learning process by means of analyzing the procedural factors of TML, focusing on the interaction between learners and the structural potential of IT-mediated learning (Gupta and Bostrom, 2013; Bitzer et al., 2013; Bitzer and Janson, 2014) . In this context, the learning process is a complex phenomenon including cognitive processes and interactions based on the aforementioned learning methods, individual differences between the learners, and other elements of the teaching/learning scenarios that influence TML outcomes (Gupta et al., 2010; Gupta and Bostrom, 2013) . Based on prior research highlighting the importance of the learning process, we argue that a high-quality TML process is likely to have several positive effects for TML participants.
Consider, for example, the typical case of a software training course that is supplemented by means of a learning management system to structure the TML process. If the quality of interaction and IT support with this learning management system does not fit the expectations of the participants, for example when IT support in the TML process is very low and the participants are overwhelmed by lots of additional learning material provided in the learning management system which they perceived to only add little value, TML results may be endangered. As a result, the participants might perceive TML as unsatisfactory, since they cannot acknowledge how the technology adds value to the learning process. Also, the participants might even ignore relevant learning materials provided in a low-quality TML process, ultimately resulting in lower perceived learning success. However, if we assume that the TML provider ensures a high-quality process guiding the participants through the context, and helping them, for example, to also apply and deepen their newly acquired knowledge, the participants are likely to have a higher perceived learning success, and be more satisfied with the training, e.g., since they recognize that the TML provider has put a lot of effort in carefully designing the TML process to ensure a high-quality experience of the participants. Thus, we derive the following two hypotheses:
H7 Perceived TML process quality has a positive impact on the perceived learning success of the TML participants.
H8 Perceived TML process quality has a positive impact on the satisfaction of the TML participants.
Furthermore, we examine the relationship between perceived learning success and satisfaction. In the literature, learning satisfaction is often used as a proxy for learning success (Sun et al., 2008; Wang, 2003) , implying that learning success results in learner satisfaction. In customer satisfaction theory, a comparable observation was made. Here, the perceived performance of a product influences how satisfied the customer is with the product he or she bought (e.g., Tse and Wilton, 1988) . When keeping in mind that the learners participate in TML to learn, for example, basics of enterprise resource planning (ERP) and how to operate an ERP software, then their perception of how well they achieved this goal will influence how satisfied they are with the training. If they believe that they learned a lot, they will be satisfied with the TML, and at the same time, they will not be satisfied if they have the feeling that they did not learn anything new or useful. Thus, our last hypothesis is:
H9 Perceived learning success has a positive impact on the satisfaction of the TML participants.
In sum, we derived nine hypotheses (see Figure 1 for a graphical illustration of our research model) that aim to identify causal relationships between the five constructs necessary for a holistic evaluation of TML. To achieve this holistic TML performance evaluation, we now identify the key facets of the previously introduced TML dimensions with a rigorous scale development process in the next section.
Research method
Analogous to the established scale development and validity guidelines (Churchill Jr, 1979; Straub, 1989) , we conducted a three-step process to ensure the quality of our scales before Process is king M Söllner et al finally conducting our main study. We employed the plurality of methods, such as a literature review (1) and a focus group workshop (1b), for the conceptual development of our scales. Next, we completed a conceptual refinement, applying the Q-sort method (2). We then carried out an empirical pre-study with 163 students (3). After the scale development procedures, we conducted our empirical main study with 161 participants of vocational software trainings (4) to evaluate our hypotheses. The research process is illustrated in Figure 2 .
Step 1: conceptual development In a first step, we identified articles and corresponding results regarding factors that influence non-IT-related and ITrelated learning scenarios in terms of the four dimensions: predisposition quality, structural quality, TML process quality, and outcome quality. In preparation for the latter quantitative study, we started with an extensive literature review (please see Bitzer and Janson, 2014 for further details).
Based on the results of the literature review (the results are presented in the subsection Identification of Facets of Core Constructs in the Context of TML of the theoretical background of this paper), an expert focus group workshop was conducted in an eight-hour setting with twelve experts of the subject matter on hand. The workshop participants were lecturers from an educational background with a minimum of eight years of professional experience. Following the focus group design approach by Frey and Fontana (1991) , we designed the focus group taking into account data-related design requirements, interviewers, and group characteristics. Returning to the results of the literature review presented previously, a conceptual model for TML evaluation was derived, including a set of possible categories and corresponding items. The focus group findings were the exploratory groundwork to add to the existing findings in the literature for the quantitative evaluation and improvement of the existing findings (Miles and Huberman, 1994) .
In accordance with Kolfschoten et al. (2006) , we invited experts to brainstorm about drivers and outcome factors in an initial brainstorming session. This session was followed by an organizational activity based on the expert and literature results that aimed to clarify the existing influencing factors, before the results were finally organized in corresponding dimensions. We thereby developed an initial conceptual model including a total of 24 constructs and 146 corresponding items.
Step 2: conceptual refinement Next, we applied the Q-sort method to ensure reliability and construct validity of the questionnaire items (Nahm et al., 2002) . We asked four experts with more than four years of experience in TML to sort every item according to the identified components in order to improve the comprehensibility and clarity of the items and components. Each expert was presented with the components, corresponding definitions, and a bucket of randomly sorted items printed on small notes. The experts had to assign each note individually to one of the components; alternatively, in case of doubt, notes were sorted into an ''unclear'' bucket. We interviewed the experts as to why they were unsure about certain items and collected the according feedback. First, we asked two experts to sort the items, after which their feedback was collected and the questionnaire improved. Next, we asked another two experts to conduct the Q-sort. After this procedure was completed, Cohen's kappa, a measure of agreement, exceeded 0.76, representing an excellent degree of agreement beyond chance (Landis and Koch, 1977) . Moreover, we used the total hit ratio to identify potential problem 
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M Söllner et al component areas. Finally, we were able to eliminate a total of 28 items that at least three of the experts claimed to be irrelevant or unclear. Moreover, we clarified another nine items in terms of wording precision. This step resulted in 17 components and a total number of 106 items.
Step 3: pre-study The results from steps 1 and 2 served as a foundation for the pre-study (see Figure 2 ) that was carried out in accordance with the PLS approach (Wold, 1982) . To operationalize the results of the first two steps in terms of empirical measurement, we decided to rely on reflective first-order, formative second-order measurement models for predisposition quality, structural quality, and TML process quality, and on reflective measurement models for the two TML outcomes, satisfaction and learning success. In order to evaluate our research model (see Figure 1) , we conducted a web-based questionnaire among students who had recently participated in at least one software training. By means of a web-based questionnaire, we accounted for the fact that participants of software training usually face several questionnaires, for example, regarding their satisfaction with the trainer, the course, and so on. Consequently, the willingness to complete another questionnaire during the course could be comparably low, and an ex post assessment using a web-based approach seemed to be a better approach in terms of response rate and data quality. In total, we gathered 163 complete data sets that could be used for our evaluation. The participants were on average 24.67 years of age; 52 of them were female and more than 100 of them were business students. For the data analysis, we relied on the SmartPLS 2.0 M3 software.
Based on the results of our pre-study (for further details, please see Bitzer et al., 2013) , the feedback of reviewers and attendees of the International Conference on Information Systems 2013, several dimensions of the predisposition quality and TML process quality constructs were altered. Regarding predisposition quality, we included the dimension self-efficacy to replace (previous) knowledge, since this construct better fits our intention to capture the capability of a recipient and not, for example, knowledge about the content of the course. Furthermore, we included the dimension intrinsic value as a combination of motivation and expectations. Since the participants of our main study were not students but participants of vocational software trainings, we further included the dimension perceived importance, resembling the importance of the training for their job. Furthermore, for the same reason, we added company support as a dimension of TML process quality. Based on the results of our pre-study, the constructs and subdimensions presented in Table 2 are used in our main study.
Step 4: main study Based on the results of the pre-study, we conducted our main study with participants of vocational software trainings. In collaboration with one of our partners, we could access the participants of a series of 10-day vocational software trainings focusing on established ERP software, which were provided by one of the major providers of such trainings in Germany. The participants completed two questionnaires including the items related to our five constructs. The first questionnaire captured predisposition quality, whereas we captured the other four constructs in the second questionnaire. We asked the trainers to hand out the first questionnaire on the first or second day of each course. The second questionnaire was completed on one of the last two days of each course (the complete set of all items used in the main study is found in ''Appendix 1''). In total, 161 participants completed both questionnaires, which could be used for our evaluation. The participants were on average 25.57 years of age and 54 were female. For the data analysis, we used the software packages IBM SPSS 21 and SmartPLS 3.0 v3. PLS analysis using a sample of 161 participants of vocational software trainings
Results of Step 4:
Final TML evaluation model Figure 2 Overview of the Research Process.
PLS Study

Main Study
Process is king M Söllner et al . To ensure the correctness of our factor weights, loadings, as well as path coefficients, we applied the PLSc algorithm (Dijkstra and Henseler, 2015) . To overcome issues related to missing values in the sample, such as an underestimation of the actual variance or systematical reduction in variable correlations, we applied a multiple imputation approach in order to replace missing values in the data set (Rubin, 1987) . To evaluate our reflective firstorder, formative second-order measurement models, we used a two-step approach and first computed the factor scores for the reflective first-order factors that were then used as indicators in the second step (Chwelos et al., 2001; Becker et al., 2012; Söllner et al., 2012 Söllner et al., , 2016 Wang and Benbasat, 2005) . Recently, a number of researchers have brought up the problem of common method variance in behavioral research (Podsakoff et al., 2003; Sharma et al., 2009) . These publications point out that a significant amount of variance explained in a model is attributed to the measurement method rather than the constructs the measures represent (Mackenzie et al., 2005) . In extreme cases, more than 50% of the explained variance can result from common method variance (Sharma et al., 2009) . Due to the fact that we used only one data source and gathered the data for the exogenous and endogenous constructs from the same participants, our study could have been affected by common method variance (Podsakoff et al., 2003) . To account for this problem, we followed the guidelines by Podsakoff et al. (2003) and used procedural remedies to reduce the probability that the common method variance would impact our results. We first assured anonymity to the participants by explicitly stating in the introduction of the questionnaire that all answers would be anonymous and that no relationship between any answers and participants would be established. Second, the introduction also stated that there were no right or wrong answers, emphasizing that we were interested in the participants' honest opinions. Third, we provided verbal labels for the extreme points and midpoints of the scales. Fourth, we used two questionnaires that were completed at different points during each course to separate some of the exogenous and endogenous constructs. Furthermore, in the second questionnaire, we used a cover story to create the perception that the exogenous and endogenous constructs were not connected. Regarding the statistical remedies, we followed Sattler et al. (2010) and only conducted Harman's single-factor test but no other techniques, since all existing methods have shown to lack effectiveness in detecting common method variance. The results of the test show that the single factor does not account for more than half of the variance (in detail, it accounts for 35%), and thus, it is unlikely that our results are notably influenced by common method variance. The complete research model of our main study including the first-order constructs of the formative second-order constructs is illustrated in Figure 3 .
Results
Measurement models
Due to the fact that we used reflective and formative measurement models and that both need to be evaluated using different quality criteria (Chin, 1998) , we separately assessed the quality of the reflective and formative measurement models. Beginning with the evaluation of the reflective measurement models, we focus on the results for the lowest indicator loading, the composite reliability (q c ), the average variance extracted (AVE), and the heterotrait-monotrait ratio (HTMT, Henseler et al., 2015) . The results presented in Table 3 show that all loadings are higher than 0.76 (should be above 0.707). Additionally, the composite reliability for all constructs is higher than 0.80 (should be above 0.707), and the AVE for all constructs is higher than 0.62 (should be above 0.5). Furthermore, the HTMT ratio is well below 0.85, indicating the presence of discriminant validity .
After having shown that the reflective measurement models fulfill the desired quality criteria, we now focus on the evaluation of the formative measurement models. For this evaluation, we rely on the six guidelines for evaluating formative measurement models presented by Cenfetelli and Bassellier (2009) . A summary of the key indicators is presented in Table 4 (for an in-depth analysis of the formative measurement models, please see ''Appendix 2'').
The results presented in Table 4 show that the formative measurement models fulfill the guidelines by Cenfetelli and Bassellier (2009) . We observed problematic results for two indicators, since Technology Readiness, and Learning Environment show: (a) negative, (b) nonsignificant weights, and (c) low loadings. However, we followed the recommendation of Cenfetelli and Bassellier (2009) Figure 3 Research Model including the First-Order Constructs of the Formative Second-Order Constructs.
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In summary, the evaluation of our reflective and formative measurement models shows that they fulfill the desired quality criteria. Thus, we can now confidently move on to the evaluation of the structural model.
Structural model
Regarding the evaluation of the structural model, we follow the guidelines by Hair et al. (2014) . First, we assess possible multicollinearity issues for endogenous constructs with two or more predictors (see Table 5 ). Since the highest variance inflation factor (VIF) value (3.555) is below the limit of 5 (Hair et al., 2014) , multicollinearity among the predictors of the endogenous constructs is not an issue in this study. Figure 4 summarizes the results of the structural model relationships, the R 2 of the endogenous constructs, and the Q 2 of the reflectively measured endogenous constructs. The Q 2 scores above 0 show that the structural model has predictive relevance for both TML outcomes: perceived learning success and satisfaction (Hair et al., 2014) . The R 2 values show that 56.3 and 67.8%, respectively, of the variance in perceived learning success and satisfaction can be explained, which is a good result. Regarding perceived TML process quality, 61.6% of the variance is explained by the two TML input factors. Furthermore, we found support for six of our nine hypotheses.
Due to the fact that significance alone is not an indicator of importance (Ringle et al., 2012) , we subsequently assessed the effect size f 2 of each relationship (Table 6) . Using this measure, we can grasp the impact of omitting one predictor of an endogenous construct in terms of the change in the R 2 value of the construct. Additionally, Hair et al. (2014) recommend assessing the q 2 effect size of each relationship to compare the predictive relevance of the individual relationships (Table 6 ). Values of 0.02, 0.15, and 0.35 resemble a small, medium, or large f 2 or q 2 effect size, 2 respectively. The results presented in Table 6 show that we found at least small f 2 effects for all significant relationships. Furthermore, we observed the largest f 2 effects for the relationships between perceived structural quality and perceived TML process quality (large), and between perceived TML process quality and perceived learning success as well as satisfaction (both medium). Regarding the q 2 effects, we found small positive effects between predisposition quality and perceived learning success, perceived TML process quality and perceived learning success, perceived TML process quality and satisfaction, perceived structural quality and satisfaction, and perceived learning success and satisfaction.
After presenting the path coefficients, significances, as well as the f 2 and q 2 effect sizes, we need to keep in mind that the path coefficients resemble only the direct effects between two constructs. Nevertheless, we also need to take the indirect effects into account for answering our research question regarding the impact of the different factors in a comprehensive evaluation of TML quality. Considering our construct predisposition quality, for example, this construct has a significant direct effect on perceived TML process quality but no significant direct effect on satisfaction. However, it would be incorrect to conclude that predisposition quality has no effects on satisfaction without investigating the indirect effects via perceived TML process quality. Table 7 summarizes the results regarding the total effects (direct + indirect effects). *We dropped this indicator, since we observed a nonsignificant weights and a low loading. Furthermore, the indicator was developed in our focus groups and thus is not grounded in theory.
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The results presented in Table 7 provide insights into the accumulated impact of the different factors on TML outcomes. Even though we did not observe direct effects of predisposition quality on satisfaction, as well as of perceived structural quality on perceived learning success, the total effects show that this factor matters in a holistic TML performance evaluation. In fact, perceived structural quality has the highest total effect on satisfaction, followed by perceived TML process quality, predisposition quality, and perceived learning success (0.615 [ 0.547 [ 0.197 [ 0.177) . Regarding perceived learning success, perceived TML process quality has the highest impact, followed by predisposition quality and perceived structural quality with an almost equal impact (0.646 [ 0.379 [ 0.342) .
Discussion
Our study shows that the often neglected TML process has a major influence on both considered TML outcomes, in specific, satisfaction and perceived learning success. As seen in our model analysis, perceived TML process quality as the key construct of our research model is truly one of the major Figure 5 . Below, we discuss the theoretical and practical contributions our study results provide.
Theoretical implications
Our paper makes several contributions to the existing body of literature. When answering our first research questions, we identified constructs and categories to evaluate TML performance. We contribute to information systems research in general as well as TML research in particular by providing a TML-specific evaluation approach that covers the input, process, and outcome perspectives necessary to evaluate TML holistically as requested by several researchers (Gupta and Bostrom, 2009; van Dyke et al., 1997) . By using the theoretical foundation provided by Gupta and Bostrom (2009) that explicitly considers the TML process, we were able to identify and adapt 19 facets for five identified constructs by means of a literature review, a focus group workshop, the application of the Q-sort method, as well as an empirical pre-study and main study. Thus, by conducting a rigorous scale development approach with TML practitioners, we contribute to research by providing a set of scales that is suitable for a wide range of TML assessments and should engage the ongoing discussion about which learning methods or facets of the learning process are key contributors to learning outcomes in various application domains of TML. By means of this study, we are the first to examine a holistic TML performance model in the course of vocational training. Thereby, we enrich the existing body of literature by adding and sharpening dimensions that have previously been the focus of TML research. While research on the TML process dimension in a university context has been conducted before (Bitzer et al., 2013; Yi and Davis, 2003; Gupta and Bostrom, 2013) , we enrich existing findings in the literature using data from vocational training participants. We examined the TML process dimension, identifying components and corresponding items to examine the effects of structural quality characteristics and learners' predispositions via the TML process dimension. More precisely, we were able to identify the most relevant facets of perceived TML process quality such as the overall fit (factor weight = 0.420, p \ 0.001), transparency of the learning process (factor weight = 0.307, p \ 0.001), the quality of exercises (factor weight = 0.230, p \ 0.01), and company support (factor weight = 0.301, p \ 0.001). In doing so, we successfully extended existing with TML-specific evaluation approaches and thus offer insights into the critical drivers of TML quality, as demanded by other researchers (Sultan and Wong, 2010) . By means of these components, we enable TML researchers and practitioners to identify more specific weaknesses within TML scenarios, which go beyond classical, high-level dimensions of TML quality evaluation. Additionally, our findings challenge the role of interactivity as a key facet of the TML process Arbaugh and Benbunan-Fich, 2007; Lehmann and Söllner, 2014; Siau et al., 2006) , since our results show that interactivity (factor weight = 0.098, n.s.) is not a significant facet of perceived TML process quality. Rather, the overall fit of the provided TML scenario should be especially considered when designing the TML process. As pointed out by Yoo et al. (2002) , it is not about just introducing technology for the purpose of learning, which may only result in overwhelmed learners, thus interfering with the learning process. Thus, our results provide further evidence that providers of TML should concentrate to deliver TML that is considered from an overall fit perspective. Therefore, our research highlights the need to deliver a high-quality TML process that is well designed and explicitly integrates technology with the learning process.
In addition, we observed high and significant impacts of both the quality of the learning material (factor weight = 0.789, p \ 0.001) and the trainer quality (factor weight = 0.467, p \ 0.001) on the perceived structural quality of TML. They were of higher relevance than components such as the learning environment (factor weight = -0.044, n.s.) and IT system quality (factor weight = -0.090, n.s.). This seems surprising, since many studies have suggested a high impact of IT system quality (Lin, 2007) and the learning environment (Ladhari, 2009) . Nevertheless, IT system quality may be a minimum requirement nowadays, considered as mandatory and which does not significantly influence the learning process.
Considering the facets included in predisposition quality, our results showed that the perceived importance was the strongest facet of predisposition quality (factor weight = 0.784, p \ 0.001), followed by the ability for selfregulated learning (factor weight = 0.233, p \ 0.05). Surprisingly, intrinsic value (factor weight = 0.221, n.s.), selfefficacy (factor weight = 0.196, n.s.), and technology readiness (factor weight = -0.081, n.s.) have not proved to be significant in influencing predisposition quality, although previous research has highlighted the role of both facets for the predisposition quality of learners in TML (see, e.g., van der Rhee et al., 2007; Pintrich and De Groot, 1990). 
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The second research question dealt with the relationship of the various constituting constructs of TML quality. We identified four dimensions resembled by the five constructs (1) perceived structural quality, (2) predisposition quality, (3) perceived TML process quality, (4) satisfaction, and (5) perceived learning success. In our research model, we showed that perceived TML process quality could help explain the inconclusive results observed in former research results (Gupta and Bostrom, 2009) . We were able to show that both perceived structural quality (path coefficient = 0.596, p \ 0.001) and predisposition quality (path coefficient = 0.279, p \ 0.001) have a significant influence on perceived TML process quality.
Furthermore, we observed that perceived TML process quality is particularly important for determining the impact of perceived structural quality on TML outcomes. We did not observe a direct effect of perceived structural quality on perceived learning success (path coefficient = -0.043, n.s.), but observed a significant and high total impact via perceived TML process quality (total effect = 0.342, p\0.001). Despite the fact that the existence of an indirect effect is especially important in this particular case, we observed significant indirect effects for both independent variables on one of the service outcomes (perceived structural quality on perceived learning success, and predisposition quality on satisfaction). Combining these indirect effects with the direct effects of TML process quality on learning success (0.646, p \ 0.001) and satisfaction (0.433, p \ 0.001), the results of our study empirically validate the central role of perceived TML process quality, as highlighted in previous conceptual TML research (Gupta and Bostrom, 2009 ) as well as empirical research (Janson et al., 2017) .
In sum, we provided a comprehensive theoretical model that corresponds with Gregor's (2006) theory of explanation and prediction, since it explains and predicts factor effects within TML. We were able to answer our research questions by presenting a TML evaluation approach based on a comprehensive model of five constructs, namely perceived structural quality, predisposition quality, perceived TML process quality, perceived learning success and satisfaction. We developed a holistic model that considers the specific requirements of a holistic TML evaluation. In addition, we were able to demonstrate relationships between the five constructs, providing insights into causal effects of the various constructs and delivering evidence of the importance of the TML processes. Furthermore, we provided a deeper Process is king M Söllner et al look into the single facets forming perceived structural quality, predisposition quality and perceived TML process quality.
Practical implications
Furthermore, our results help TML providers and trainers to evaluate the performance of TML more adequately, thereby considering comprehensive TML quality-related components. The effects of various treatments and antecedents, such as predisposition quality and perceived structural quality, can be observed and taken into account for redesigning TML. Moreover, the simultaneous evaluation of five related constructs empowers researchers and practitioners to derive and survey multidimensional measures, supporting an efficient and effective TML delivery. Furthermore, a continuous improvement process that derives improvement measures for the quality of the TML process while taking both perceived structural and predisposition quality into account is encouraged. Considering our results, practitioners deploying vocational software trainings should heavily concentrate on supporting the TML process. In this context, scaffolds known from educational research serve as a design implication initially supporting the learners in their learning process (Gupta and Bostrom, 2009; Delen et al., 2014; Janson and Thiel de Gafenco, 2015) , for example, by providing learning paths, thus fostering TML quality by preventing learners from being overwhelmed by large amounts of learning material and allowing them to focus on the learning itself by means of initial support in the learning process.
Also, our results show that TML providers should aim at aligning their offerings and the needs of the participants to ensure a high fit. Thus, TML providers should consider how they integrate TML in the learning process of individuals by tailoring TML processes to the individual needs. Solutions that can be considered are, for example, the design of adaptive learning paths for better matching the expectations of learners in TML, thus ensuring a high-quality TML process.
Limitations and future research
We acknowledge several limitations to this study, which then underline a demand for future research. We investigated TML performance in a vocational software training. For this reason, the external validity of this study could be endangered (Bordens and Abbott, 2011) , since the results of our empirical study might not be fully generalizable to other TML research contexts, for example, TML scenarios such as MOOCs in higher education. Hence, future research should see our research as a starting point and use our TML performance model in other research contexts to further evaluate our model and to gain additional insights regarding the structural relationships of the constituting TML dimensions in other research contexts.
The study examined the TML process with a single measurement and did therefore not account for the temporal development of the TML process (Gupta and Bostrom, 2009 ). Though we conducted a study with two measurement points, we did only capture a snapshot of the TML process and its determinants. By this means, we contribute to theory by identifying causal relationships and testing generalizable hypotheses between TML constructs and their influence on TML quality. Hence, the necessity to conduct longitudinal studies regarding how the TML process evolves over time arises. Extending our variance approach used in this study, future research should conduct panel analyses to study the TML process and its influence on TML outcomes more thoroughly (Poole et al., 2000) . In addition, process approaches such as narratives would also contribute to a further understanding of how the TML process relates to the quality of TML. In contrast to our variance approach, a process approach should enable researchers to investigate a detailed reconstruction of individual TML processes and how specific events in the TML process influence TML quality (Poole et al., 2000) .
The measurement of TML quality components is connected to these issues. In this particular study, we relied on subjective measures, that is, TML participant perceptions. However, future TML research should consider objective measures. This particular limitation also applies to our measurement of learning success with the scales of Alavi (1994) and refers to an ongoing discussion regarding the suitability of self-reported or objective learning success data (Benbunan-Fich, 2010; Sitzmann et al., 2010; Janson et al., 2014) . Hence, future research should also use objective measures for learning success as a dependent variable, such as cognitive and skill-based learning outcomes, which relate to how people are exhibiting changes in cognitive knowledge immediately after a training as well as how they perform at their workplace (Yi and Davis, 2003; Santhanam et al., 2013 Santhanam et al., , 2016 . Therefore, we acknowledge that our study results concerning learning success may not directly refer to the actual evidence of learning. However, on the one hand, such meta-cognitive measures are as a proxy often intertwined with knowledge acquisition, and on the other hand, the model itself is also applicable to contexts where a measurement of cognitive knowledge acquisition is possible by simply replacing the latent construct with test scores of individual learners. Furthermore, literature on vocational trainings has highlighted the importance of participant perception, and satisfaction with the training, since these factor lead to loyalty with a specific training provider (Kuo and Ye, 2009 ). Since marketing literature has shown that satisfied and loyal customers are more likely to engage in positive wordof-mouth (Matos and Rossi, 2008) , focusing on ensuring positive perceptions of the participants toward the training and the provider is a key success factor for vocational training providers, due to the positive influence on future revenues.
The last limitation and according area for future research involve the data collection and measurement. We used the same instrument to assess the dependent and independent latent variables among all participants of the study, allowing for possible common method variances, which should be addressed in future research. Nevertheless, procedural remedies were taken in this study to avoid ex ante biases, and Harman's single-factor test indicated that common method variance is not an issue in our study. However, since statistical tests for common method variances have their limitations (Chin et al., 2012) , we cannot rule out the existence of common method variance completely.
Conclusion
In this paper, we aimed to broaden the body of knowledge in the context of TML performance. For this purpose, we developed a model for the holistic evaluation of TML scenarios Process is king M Söllner et al with a special focus on vocational software trainings. Based on the literature, we derived components for the evaluation of TML performance, thereby, respectively, identifying and confirming the existence of new components that have not been considered thus far in the empirical literature, mainly for the TML process dimension. In this dimension, we could add to the body of literature by identifying components such as transparency of the training process, quality of exercises, fit, and company support, apart from interactivity, which is widely known as a driver of TML process quality. Thus, for the first time, the foundation for comprehensive TML performance evaluation has been built, including extensive information on TML process quality. Additionally, we showed a relationship between the five TML performance-related constructs, providing arguments that a TML performance evaluation should follow a holistic approach, accounting for the importance of the TML input, process, and outcome perspectives. With the consideration of the TML process quality dimension, a comprehensive evaluation of TML quality is feasible and possesses the potential to adjust existing shortcomings regarding the examination and evaluation of TML scenarios. papers that have been presented at the European Conference on Information Systems 2013 in Utrecht, Netherlands, at the International Conference on Information Systems 2013 in Milan, Italy, and at the European Conference on Information Systems 2014 in Tel Aviv, Israel. We would like to thank the reviewers and attendees for their valuable feedback that helped us to improve our research and to write this paper. We would also like to thank the senior editor and the reviewers of this paper for their valuable and constructive feedback. 
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